This paper presents a hierarchical multi-resolution estimation of optical flow for a vehicle tracking system which can be used in a practical environment. Aiming at accurate estimation of optical flow, we construct a strong feature tracking system based on the Shi-Tomasi approach. As a feature detector, we use a Scale-Invariant Feature Transform (SIFT) algorithm, which not only firmly focuses on multi-scaling images but also correctly tracks strong interest points. The pyramidal Lucas-Kanade optical flow algorithm using our feature tracking system is then implemented. The information after estimating the optical flow can be used in the later tracking and detecting processes. For evaluation, we use the Autonomous Agents for On-Scene Networked Incident Management (ATON) project's highway video files, which include moving shadows. To test the tracking in a practical environment, we artificially add three adverse effects: additive Gaussian noise, vibration and motion blur. Experimental results demonstrate good performance for our multi-resolution optical flow system. The study confirms that the computed optical flow has a very small error with minimum eigenvalues in the optical flow equations.
Introduction
Motion analysis has many application domains, including image segmentation, dynamic scene analysis, image registration, visual navigation, motion estimation and video compression. Recently, it has also been employed in robot and vehicle navigation [1] . This particular application is significantly important for autonomous car driving, obstacle detection and avoidance, and surveillance and monitoring of vehicles on the road. One of the most popular approaches to track motion of vehicles in a video frame is to calculate a dense map of optical flows. This study was motivated by the need for an efficient vehicle tracking system.
There has been a significant body of research on optical flow and a variety of algorithms have been developed for the accurate and rapid estimation of optical flow. All optical flow methods try to introduce additional conditions so that we have more flexible options in finding the optical flow. [2] The Lucas-Kanade algorithm [3] , a local least square calculation, could be sufficient to compute optical flow sparsely for each blob. Another way of determining optical flow is in terms of discrete optimization [4] . The image matching is carried out using label assignment in the quantized search space, and the solution can be optimally found by minimizing the distance. Cross-correlation [5] [6] is a widely used block-based solution for determining optical flow. The sum of the squared difference can also be used instead.
One of the practical approaches for estimating optical flow is a hierarchical multi-resolution scheme. A multi-resolution problem is becoming more common for working with multi-scale and multi-view data. For instance, if there are high-speed cars, the motion or the displacement of these cars between two frames is relatively large. One feasible solution now is handling this problem at a lower resolution. The lower the resolution, the smaller the displacement, so the accuracy is improved. Experiments in [7] [8] showed promising results for correlation-based optical flow in noisy environments. The pyramid scheme can be used to implement the iterative Lucas-Kanade algorithm for the computation of optical flows of each blob. The pyramidal Lucas-Kanade optical flow algorithm also shows good performance for the vehicle tracking [9] . In this paper, we extend the pyramidal Lucas-Kanade algorithm to cope with a more practical environment by combining it with an efficient feature tracking scheme.
In order to reduce the computation time, optical flow algorithms should only be computed on interest points. An interest point is a well-defined position that can be detected with affine transformations, including translation, rotation and scaling. The Moravec corner detector [10] was one of the first detectors. This corner detector was then improved by Harris and Stephens [11] . The original Harris corner detector performed well on motion tracking. One efficient corner detector is the Scale-Invariant Feature Transform (SIFT) [12] . Features detected by SIFT are useful in solving the problem between multi-views of an object or a scene, since they are invariant to affine transformations even with the addition of noise and motion blur. In this study, after detecting strong interest points using SIFT, we applied the Shi and Tomasi method [13] to track good features.
Tracking Methodology
The suggested model for vehicle tracking consists of feature tracking and optical flow estimation. The overall process of our tracking system is described in Figure 1 . Our application takes video files or sequences of images as input data. These inputs should be recorded by the highway traffic by a fixed camera. The video files that we used in our experiments have moving shadows from vehicles. This further challenged our testing.
Fig. 1. Overall vehicle tracking system
For feature tracking, we employed the Scale-Invariant Feature Transform (SIFT) algorithm as a corner detector in order to detect strong interest points. After that, we used these points as parameters in the Shi-Tomasi feature tracking system. The optical flow estimation step takes the results from the previous step, and computes the optical flow. We implement the iterative Lucas-Kanade algorithm in combination with a pyramid scheme in order to solve the multi-resolution problem.
Our outputs are motion vectors of moving vehicles. By using these motion vectors, we can calculate other useful information such as vehicle detection, the velocity of vehicles, and the number of vehicles passing through in a period of time. This information is used later.
Feature Tracking
Our feature tracking system is based on the Shi-Tomasi algorithm. In order to solve a multi-resolution problem, we use the Scale-Invariant Feature Transform (SIFT) algorithm as a corner detector. Other corner detectors do not have good performance in matching images of different sizes because they are sensitive to scaling change. The SIFT algorithm is carried out as follows:
1. Given an input image ( , ), compute the Difference-of-Gaussian function convolved with the image from the difference of two nearby scales separated by a constant multiplicative factor k.
( , , ) = ( ( , , ) − ( , , )) ( , )
2. Compare each sample point to its eight neighbors in the current image and the neighbors in the scale above and below to detect the local maxima and minima of ( , , ).
3. Calculate the location of the extremum by taking the derivative of the function with respect to x and setting it to zero.
where
is evaluated at the sample point and = ( , , ) is the offset from this point.
Compute the principal curvature from a 2x2 Hessian matrix:
5. Orientation assignment. For each image sample, ( , ) , compute the gradient magnitude, ( , ) , and orientation, ( , ) , using pixel differences. 
6. A 16x16 neighborhood around the keypoint is taken and divided into 16 sub-blocks of 4x4 sizes. For each sub-block, an 8-bin orientation histogram is created. 7. Match keypoints between two images by identifying their nearest neighbors.
Using the SIFT algorithm, we are able to obtain the very strong interest points. These interest points are used as parameters in the Shi-Tomasi feature tracking algorithm.
Optical Flow Estimation

Lucas-Kanade method
The Lucas-Kanade method is a famous differential method in optical flow estimation. In this method, we assume the velocity = ( , ) is constant over a small neighbourhood Ω of every ∈ Ω. The goal is for all x, so we need to minimize the following function:
For n points x ∈ Ω at any t,
The solution is given by
It is easy to implement the Lucas-Kanade algorithm. Since the algorithm has a fast calculation time with accurate calculation of derivatives, we used it in our study for its combination of accuracy and speed.
Multi-Resolution Scheme
The image pyramid is widely used as architecture to solve a multi-resolution problem. An image pyramid is a collection of images. All images are successively sampled from a single original image until some desired stopping point is reached. There are two types of image pyramid: the Gaussian and the Laplacian. The Gaussian pyramid is used to down-sample images, while the Laplacian pyramid is used to reconstruct an up-sample image from an image lower in the pyramid. Figure 2 shows three level pyramid.
One of the difficulties in implementing the Lucas-Kanade algorithm is that points might be moved outside the local window. For this reason, it is hard for the algorithm to find these points. This leads to the pyramidal Lucas-Kanade algorithm, which starts from the highest level of an image pyramid and continues to proceed to the lower levels. The pyramidal Lucas-Kanade optical flow algorithm is carried out as follows: 
Results and Discussion
We used two highway camera video files from the Autonomous Agents for On-Scene Networked Incident Management (ATON) project for the tracking experiment. The files also included the moving shadows of vehicles, which play an adverse role in the tracking process. The numbers of frames of these two files were 440 and 500.
The quality of video files is not always good. In order to test our application in a practical environment, we artificially applied three kinds of effect to the input video file: additive Gaussian noise, vibration and blurring. Figure 3 , Figure 4 and Figure 5 show the tracking results of the first video (440 frames) with three kinds of effect: noise, vibration and blurring, respectively. The results show that our tracking system can efficiently track and detect all the moving vehicles in spite of all the adverse effects. However, there were small features from moving shadows which could not be eliminated. When we carry out the same experiments using the second video (550 frames), the tracking can be similarly carried out, regardless of the frame length.
We performed these experiments on Intel Core i5-3570 in a Microsoft Visual Studio 2010 C++ environment. Table 1 shows the computation time on two highway video files. Our experimental results confirmed that our method has good performance with small errors in estimating optical flows, even under unfavorable environments. The accuracy of the first video file was better because the moving shadows in this input video were smaller than in the second video.
Conclusion
In this paper, we proposed a hierarchical multi-resolution estimation method of optical flow. Our vehicle tracking system method can be used effectively in practical environments. To verify the effectiveness of our method, we carried out experiments with additive Gaussian noise, vibration and blurring. Our experimental results confirmed that the proposed method can be effectively used in tracking of moving vehicles in practical environments. As an extension of this work, we need to solve more complex problems in motion tracking, including occlusion of objects and lighting variation.
